The problem of finding folding nuclei (a set of native contacts that play an important role in folding) along with identifying folding pathways (a time-ordered sequence of folding events) of proteins is one of the most important problems in protein chemistry. Here we propose a novel and simple approach to address this problem as follows: given the topology of the native state, identify native contacts that form folding nuclei based on a graph-theoretical approach that considers effective contact order (effective loop closure) as its objective function. Motivation: A number of computational methods for the prediction of folding nuclei already exists in the literature, but most of them rely on restrictive assumptions about the nature of nuclei or the process of folding. Our motivation is to develop a simple, efficient and robust algorithm to find an ensemble of pathways with the lowest effective contact order and to identify contacts that are crucial for folding. Results: Our approach is different from the previously used methods in that it uses efficient graph algorithms and does not formulate restrictive assumptions about folding nuclei. Our predictions provide more details concerning the protein folding pathway than most other methods in the literature. We demonstrate the success of our approach by predicting folding nuclei for a dataset of proteins for which experimental kinetic data is available. We show that our method compares favourably with other methods in the literature and that its results agree with experimental results. Availability: The executable for the proposed algorithm is available at
INTRODUCTION
It is now widely accepted that proteins fold by a 'nucleation and growth' kinetic mechanism (Finkelstein et al., 1997; Dokholyan et al., 2000) . A folding nucleus is defined as the critical set of interactions (the minimal stable element of structure) that must be present in order for the folding to result in the rapid assembly of the native state (Dobson et al., 2003; Dokholyan et al., 2000) .
Identifying folding nuclei from the large number of native structures currently available in the Protein Data Bank remains an unsolved problem of great importance since accurate prediction of folding nuclei can lead to the detailed description of the hierarchy of the folding process, provide the ability to identify contacts that have high structural importance and thus yield possible improvements in solving the ultimate protein problem-the folding problem-by restricting the conformational space that needs to be searched. Insights obtained during the study of folding nuclei can also be useful for rational protein design.
Similarly to the majority of previous methods for finding folding nuclei (Rader et al., 2004; Weikl et al., 2003) , in our study we focus on investigating topological aspects of the protein energy surface since the precise energetics of the protein folding process is still unknown. Nucleation during the folding process is a kinetic process and therefore cannot be precisely determined from just the topological properties of the native state alone (a single nucleation phase), but, as shown by -value analysis, transition states tend to be native-like (Dobson et al., 2003) ; furthermore, it is known from experimental analysis that the location of the folding nucleus depends on the topology of the native state (Klimov et al., 1998) and that the mechanism and speeds of folding are directly dependent on the topology of the fold (Plaxco et al., 1998) .
Experimental methods for identifying folding nuclei include site-directed mutagenesis ( -value analysis), which affects overall folding rate and protein stability (Fersht et al., 1992) , and identifying folding cores using hydrogendeuterium exchange (H/X) experiments (Li et al., 1997) . Both experimental techniques are time and labour consuming, and therefore they can benefit from additional computational analysis.
A number of computational methods have been developed in the literature to identify folding nuclei, including timeintensive molecular dynamic unfolding of the native structures (Dokholyan et al., 2000) , a Gaussian network model (GNM) based on the analysis of the highest frequency fluctuations near the native state (Demirel et al., 1998) , an elastic network and constraint network model of freely rotating rodes (FIRST) (Rader et al., 2004) , clustering of native contacts and the use of low effective contact order (ECO) searching i394 (Weikl et al., 2003) , a motion planning approach for prediction of folding pathways (Amato et al., 2002) , minimum cuts unfolding of native structures (Zaki et al., 2004) , amino acid conservation within a family/superfamily (Reddy et al., 2001) , searching for free-energy saddle points on networks of protein unfolding pathways (Garbuzynskiy et al., 2004) and determination of the transition state by restraining Monte Carlo simulations with a pseudo-energy function based on the set of experimental -values (Paci et al., 2002) .
Most of these methods are based on a number of restrictive assumptions about the folding nuclei or the search process that may not necessarily hold, for example that folding nuclei are evolutionarily conserved (Reddy et al., 2001) , that residues participating in folding nuclei are those that are most physically constrained (Rader et al., 2004) or that low ECO clusters of contacts cannot be partially formed (Weikl et al., 2003) . The goal of this paper was to develop a simple and efficient method that does not rely on restrictive assumptions about the nature of folding nuclei.
APPROACH
The proposed algorithm for identifying folding nuclei is based on the notion of the effective contact order first introduced by Dill (Weikl et al., 2003) . Whereas the contact order (CO) is the sequence separation CO = |i − j | between two contacting residues i and j (Plaxco et al., 1998) and does not depend on the order of contact formation, the ECO of a contact is dependent upon other contacts already formed in a particular configuration; thus ECO values are folding pathway dependent and directly relate to the entropy of folding.
The ECO of a newly added contact is defined as the effective loop closure size (the number of steps-covalent and noncovalent links-taken along the shortest path on the polymer graph) given that other contacts have been formed. It has also been shown that low ECO pathways often coincide with the lowest free-energy pathways for simple models, such as the hydrophobic polar model; this observation also holds for real protein structures (Weikl et al., 2003) .
Our approach consists of the following three steps, which are described in detail in the subsequent subsections: (1) construction of the polymer graph, (2) sampling of the folding pathways to identify an ensemble of low cumulative ECO pathways and (3) analysis of the ensemble obtained in the previous step to extract contacts that belong to folding nuclei and analysis of the order of their relative formation.
Generation of the polymer graph
A protein is represented as a connected undirected weighted graph (one node per residue). Two residues are connected by an edge if any of the heavy atoms of the side-chain or the C α of one residue occurs within the cutoff radius of 4.55 Å to heavy atoms of the side-chain or the C α of the second residue. As in Clementi et al. (2003) native contacts between pairs of residues (i, j) with j ≤ i + 3 are discarded The kinetic data about folding pathways of these proteins are available in Li et al. (1997) and Rader et al. (2004) .
Fig. 1.
Polymer graph generated in phase one of our algorithm for the chymotrypsin inhibitor 2 (CI2) protein containing 65 nodes (n) and 82 edges (m).
as they interact as a result of chain connectivity. Every edge of the polymer graph is augmented by the value of ECOloop closure size required to form a given contact (edge).
Initially we consider an extended polymer where no noncovalent contacts are present; thus all edge (i, j) weights are set to CO(i, j) = |i − j |. An example of the polymer graph generated for the chymotrypsin inhibitor 2 (CI2) protein from Table 1 is given in Figure 1 . Generally, such polymer graphs i395 as have been previously observed (Greene et al., 2002) are very well connected and have what is described as a small world property.
Sampling of folding pathways
Since dominant protein folding pathways are those that maximize the formation of favourable native interactions while minimizing the loss of the configurational entropy, low ECO contacts are more readily made than high ECO contacts during the process of folding. Thus, we are interested in finding an ensemble of folding pathways such that the cumulative ECO
for all the contacts added is minimized, where m is the total number of edges {e 1 , . . . , e m } in the polymer graph, and i, j iterate only through the set of the non-covalent native contacts. As previously mentioned, individual values of ECO(i, j) are affected by what other contacts have been formed previously, and therefore maximizing the cumulative ECO is non-trivial.
To solve this problem, we use probabilistic constructive local search, as illustrated in Figure 2 . Our algorithm, outlined in Figure 3 , works as follows: we start with an extended polymer graph that represents a fully extended polymer chain; at each step we add one edge (i, j) (native contact) to the polymer graph probabilistically (with probability p) based on the ECO:
We used a power of 3/2 based on the theory of the random Gaussian polymer, where the probability of a random contact is proportional to the separation along the chain raised to the power of 3/2 (Flory et al., 1953) . This local search algorithm is quite 'greedy' and will generally tend to pick edges with low ECO following the intuition that during the process of folding low ECO contacts have a higher probability of formation. As non-covalent edges are added to the polymer graph, local search should become even greedier since there will be no subsequent edges whose ECO will depend on the edges just added. The goal here is to minimize the sum of the ECOs of individual contacts during their formation, thus we added an additional factor k/l to the power, where k is the number of non-covalent edges already added to the polymer graph and l is the total number of non-covalent edges in the polymer graph. Thus, this factor reflects the proportion of non-covalent edges already added to the graph.
The weights of edges that are still left to be added are updated according to an efficient graph algorithm for the dynamic all pairs shortest path problem by Ramalingam and Reps (1992) . This algorithm maintains information about the shortest paths by keeping a subtree of potentially affected nodes for each source-destination pair containing all edges that belong to at least one shortest path from a source node Fig. 2 . Cartoon representation of the sampling phase of the algorithm. Edges that are added to the polymer graph are highlighted in bold; edges that still have to be added are represented in non-bold. Initially we start with an extended polymer, and edges that are to be added are weighted by their chain separation. At each step one edge is probabilistically added based on its ECO weight; the ECO weights of still-to-be-added edges have to be revised at each step. The process of addition of edges stops when all of the edges are added to the polymer graph and their respective ECOs shrink to 1. to a destination node; distances are updated by running a Dijkstra-like procedure on the affected nodes. The time complexity of this algorithm is O(m * n + n 2 * log(n)), where n is the number of nodes in the graph and m is the number of edges (Demetrescu et al., 2003) .
Samples obtained and added to the ensemble of pathways that have low cumulative ECO should be independent of each other; thus we used the results of multiple independent runs of procedure ProbabilisticConstructiveLocalSearch initialize weights of all edges (i, j) to |i − j |; add all edges with weight equal to 1 to the graph; k:= 0; while (not all edges added, i.e. k < l ) do select next edge to add with probability p = 1 ECO(i,j) 3/2+k/l ; update weights for edges not yet added; k:=k+1; end end Fig. 3 . Outline for the probabilistic constructive local search used in the sampling of the folding pathways stage of our algorithm, where k is the number of non-covalent edges already added to the polymer graph and l is the total number of non-covalent edges in the polymer graph.
the constructive search to construct the low ECO ensemble. Our simple sampling procedure is repeated multiple times until the required number of low cumulative ECO pathways is built. A particular low cumulative ECO pathway is added to the ensemble of low-ECO pathways if the cumulative effective contact order obtained is within 10% of the lowest ECO value obtained during the search.
Collective analysis of the low ECO pathways
To identify the subset of contacts that belong to the folding nuclei and to determine their relative formation order, we analyse a representative ensemble of a large number of low cumulative ECO pathways obtained during the previous sampling step. In order to get an upper bound on the subset of native contacts that can potentially participate in folding nuclei, we define a critical point in the folding pathway after which the process of subsequent contact formation becomes downhill according to our objective function of interest-the ECO. This critical point determines a moment in time when all folding nuclei have been assembled. To define this critical point in terms of the ECO, we record the subset of native contacts (edges) that, as they are added, result in an ECO smaller than the given threshold for all edges still left to be added. The definition of the ECO threshold that determines when edges should no longer be added to the set of the potential folding nuclei naturally follows from studies of loop lengths that have high probability of formation without involving intermediate steps (Michalsky et al., 2003) (we defined this threshold to be 15 residues). After the maximal ECO of edges that are left to be added drops below this specified threshold we stop adding edges to the set of the potential folding nuclei contacts.
As a result, we end up with the subset of native contacts that potentially belong to the set of folding nuclei contacts; in order to identify which of these edges are true folding nuclei contacts we analyse relative dependencies among the edges as they were formed (added to the polymer graph). We count the number of times each edge is used in the shortest path (ECO) Fig. 4 . Outline of the analysis phase of our algorithm, which identifies folding nuclei contacts in the low ECO pathway ensemble. events of the subsequent edges both directly (belonging to the shortest path of another edge during growth of the polymer graph) and indirectly (the shortest path for an edge that is added during the growth process contains an edge whose shortest path is directly or indirectly dependent on the current edge-recursive step). When this recursive analysis of edge dependencies is completed, we can calculate the proportion of times an edge was used in the shortest path events of other edges. The edges that are used most often are those that form early and are crucial for reducing the ECO (and entropy) for the subsequent edges. Thus these edges comprise folding nuclei contacts. The outline for the analysis and the identification of folding nuclei phase of our algorithm is given in Figure 4 .
RESULTS AND DISCUSSION
To test our algorithm we used a set of 29 proteins listed by Rader et al. (2004) ; 27 proteins were actually used since we had problems processing the pdb files for 1osp and 1hcb.
The output of our algorithm consists of the percentage usage of each edge in the ensemble of low ECO folding pathways. Those contacts that are used most often in the shortest path (low ECO contact formation) represent folding nuclei since they are crucial for subsequent native contact formation.
We display our results in two ways. The first one is more intuitive: we show the actual edges in 3D protein structures shaded according to their usage in the shortest path events (the darker edges represent those contacts predicted to fold earlier during the folding process-these are important for subsequent folding). Another way to represent edges is using the contact matrix of a protein shaded according to the order of contact formation. In both cases, contacts that are essential for low ECO folding are clearly visible, and the overall folding mechanism can be deduced. The second approach is to display results using the 'band' representation of a protein and to use i397 shading to represent the usage of residues in the protein during low ECO contact formation; we also use shading to indicate the order of becoming structured for individual residues in 3D protein structures. To convert edge usage into residue usage we sum usage numbers for each edge involving the residue of interest and normalize it by the total usage of all amino acids in the low ECO pathways. Using the second representation we are able to compare our method with other methods in the literature, the majority of which produce the 'band' representation of folding nuclei, even though descriptions of a folding nucleus in terms of contacts are more accurate.
First we compare our folding nuclei predictions with the experimental results obtained from the hydrogen-deuterium slow exchange (H/X) method that was run on the set of 29 proteins listed by Li et al. (1997) and Rader et al. (2002) as well as from experimental -value analysis (Notling et al., 2000) . As mentioned by Rader et al. (2004) , the experimental folding core was defined in this case as the secondary structural elements (assigned using DSSP) containing the residues with the largest protection factors in the H/X experiments, indicating that these residues are structured early during the process of folding. Exchange rates are most often measured in the native structures (this does not directly represent folding events); for some proteins, exchange rates for partially folded species during the actual process of folding are available (we indicate these residues using darker shades in the experimental results since these are the ones that become structured earlier in the process of folding) (Li et al., 1997) .
In Figures 5-7 we present 'band' representations of a set of 27 proteins; the top band is for the H/X experimental results (Li et al., 1997) , the middle band (if available) contains the experimental -values that represent the participation of a residue in the transition state based on the mutagenesis experiments (Notling et al., 2000) and the lower band represents our predictions grey-scale-coded by the percentage involvement of the residues in the low ECO events. The results from our approach generally show significant agreement with the experimental results.
Using visual comparison of our predictions with Figure 3 from Rader et al. (2002) with the FIRST rigid algorithm, the GNM fast mode peak and the GNM slow mode minima methods tested by Rader et al., we found that the results from our method are in agreement with the previously mentioned methods and additionally provide order of contact formation.
Next we decided to examine case by case a few very well studied proteins in our dataset and to compare our predictions with the experimental and computational data available about their folding pathways.
The chymotrypsin inhibitor 2 protein forms a four stranded β-sheet packed against an α-helix, as illustrated in Figure 8 . This is probably the best characterized protein using -value analysis. Experimental -values are high in the α-helix, with the highest values for the residues at the N-cap of the α-helix (Notling et al., 2000) . These residues interact with (Notling et al., 2000) . The lower band represents our folding nuclei predictions, shaded according to percentage of involvement in the low ECO events (the exact scale is given on the right side as a percentage; proteins are grouped according to the maximum percentage of edge usage).
two residues in the β-sheet to form a core, which is the most highly structured region of the protein in the transition state (Notling et al., 2000) . Our prediction captures the experimental observations described above. Our grey-scale-coded Fig. 6 . Band representation of the experimental and predicted folding nuclei for the set of 27 proteins, part II. The upper band represents H/X experimental data [darker shaded residues represent those that gain protection first during folding; lighter shaded residues represent residues that have slow exchange in the native state H/X (Li et al., 1997) ]. The middle band (if available) represents experimental -values [the darker the shade, the higher the -value (0 ≤ φ ≤ 1)] (Notling et al., 2000) . The lower band represents our folding nuclei predictions, shaded according to the percentage of involvement in the low ECO events (the exact scale is given on the right side as a percentage; proteins are grouped according to the maximum percentage of edge usage).
contact matrix for CI2 (Fig. 8) , also agrees with computational results of and β3-β4 form first and β1-β4 forms after all the local contacts have been formed. Fig. 7 . Band representation of the experimental and predicted folding nuclei for the set of 27 proteins, part III. The upper band represents H/X experimental data [darker shaded residues represent those that gain protection first during folding, lighter shaded residues represent residues that have slow exchange in the native state H/X (Li et al., 1997) ]. The middle band (if available) represents experimental -values [the darker the shade, the higher the -value (0 ≤ φ ≤ 1) (Notling et al., 2000) . The lower band represents our folding nuclei predictions, shaded according to the percentage of involvement in the low ECO events (the exact scale is given on the right side as a percentage; proteins are grouped according to the maximum percentage of edge usage). Among the most difficult cases for our algorithm are the folding pathways of proteins G and L. Both protein G and protein L are members of the ubiquitin fold (although they have little sequence identity) and fold via helix-assisted hairpin formation. Their topology consists of a central α-helix packed against a β-sheet composed of two anti-parallel β-hairpins (Fig. 9) . According to H/X experimental data, protein G folds through transition-state ensemble with a well-formed β-hairpin 2 (formed by β3-β4), and protein L forms β-hairpin 1 (formed by β1-β2) first (Li et al., 1997) . Our approach captures helix-assisted folding, but since the objective function considers only topological effects and ignores energetics, our approach does not predict correct hairpin formation order. The importance of energetics in the folding of proteins G and L has been shown previously in the literature (Cheung et al., 2004) .
The enzyme barnase folds into a five stranded anti-parallel β-sheet and two α-helices (Fig. 10) . The -value analysis of barnase shows that major secondary structures are formed but the loops are unfolded (Notling et al., 2000) ; this observation is consistent with our predicted results. It has also been shown experimentally [by H/X (Vu et al., 2004) ] and in molecular dynamic simulations (Daggett et al., 2003) that the folding pathway of barnase is dominated by β-sheet structures, particularly formation of the β3-β4 hairpin, and as seen from our predictions this hairpin forms early.
The chicken src SH3 domain folds into a five stranded orthogonal β-sheet structure (Fig. 11) . Both H/X (Li et al., 1997) and -value (Notling et al., 2000) experimental results show that the β2-β3 hairpin forms first. Our predictions are consistent with these results. The CheY protein is composed of five parallel β-sheets and five α-helices (with two α-helices, A and E, located on one face of the β-sheet and three other α-helices, B, C and D, on the other side) (Fig. 12) . H/X protein stability is highest in the hydrophobic core formed by the side-chains of the residues in β-strands 1, 2 and 3 and helices A and E. The α-helix A, together with β-strands 1 and 3, is involved in the formation of the folding nucleus (Lacroix et al., 1997 ). -value analysis shows that only residues in the first subdomain (1-61) exhibit some degree of native-like structure, whereas the second subdomain is essentially unstructured (residues 62-129). Our predictions correspond to experimental results: the first subdomain, particularly β-strands 1, 2 and 3 and helices A, B, C, form early.
The ubiquitin protein (Fig. 13) forms a molten globule intermediate that has partially folded β1 and β2 strands of the five strand β-sheet, part of the β3 strand and a partially structured α-helix packed on the hydrophobic side of the sheet (H/X experiments) (Briggs et al., 1992) . Our predictions are consistent with these experimental observations. The T4 lysozyme protein forms a molten globule that involves helices E, H and A and the C-terminal of helix C (H/X analysis) (Llinas et al., 1999) (Fig. 14) . Our predictions also show that interactions between helices E and H and the C-terminal of helix C are established early in the process of folding.
According to experimental H/X data, the bovine pancreatic trypsin inhibitor protein (Fig. 15) , forms α-β1 and β2-β3 structures that come together (Li et al., 1997) . Our predictions are exactly supported by these experimental observations. The B domain of protein A is composed of three helices (forming a three-helix bundle) (Fig. 16) . It has been shown experimentally, using H/X, that protein A forms a marginally stable intermediate consisting of helices α2 and α3 (Li et al., 1997) ; according to our approach these two helices should also come into contact with each other during the early stages of the folding process. 
CONCLUSION
Our method, although conceptually very simple, has been shown to produce results that agree with the experimental data available for folding nuclei as well as with a number of more complex computational methods for finding folding nuclei. The method presented here has a number of advantages: it represents a natural way to bound and identify the subset of native contacts important for the low ECO folding pathway; it provides additional information on the order of native contact formation and their relative dependencies; it does not require, but can be potentially augmented by, experiment results; and it does not make a restriction on the complete formation of certain elements (clusters) of structure. A shortcoming of this method lies in the fact that, similarly to many other methods in the literature, it considers only native contacts and, even though it scales quite well with the length of the protein, there exists a limitation on length. Future work is under way on a more extensive comparison of different computational methods for finding folding nuclei as well as possible augmentation of the method with a physically based energy function.
